The gene transactivation function of nuclear EGFR (nEGFR) has been studied by investigating the genomic co-occupancies of nEGFR and RNA Polymerase II (RNAPII). However, due to RNAPII pausing, the co-recruitment of RNAPII and nEGFR does not necessarily represent productive transactivation. In this study, we integrated gatekeepers of productive transcriptional elongation such as Integrator and Super Elongation Complex (SEC) to interrogate the function of nEGFR. By analyzing publicly available ChIP-seq and RNA-seq data, we aims to 1) explore the function of nEGFR, 2) unravel nEGFR target genes, and 3) discuss potential mechanisms of nEGFR chromatin recruitment. EGF treatment in HeLa cells instigated chromatin recruitment of nEGFR, ERK, RNAPII, Integrator, and SEC in a cluster of 61 EGF-responsive genes. The function of nEGFR was identified as gene-activating rather than gene-repressing. Within the cluster of EGF-responsive genes, nEGFR targeted eleven Immediate Early Genes (IEGs) -JUN, EGR1, JUNB, IER2, KLF2, FOS, FOSL1, RHOB, CCNL1, DUSP2, and DUSP5, which up-regulated >2-fold after EGF stimulation. The promoter of these target genes commonly harbors AT-rich minimal consensus sequences for nEGFR binding. In addition, TCGA data analysis demonstrated positive correlations between EGFR and JUN/FOSL1/RHOB expressions, as well as clinical correlations in specific cancer types. To our knowledge, this is the first study to compare the genome-wide distribution of nEGFR versus Integrator and SEC, providing novel insight into supporting the gene-activating function of nEGFR. We revealed a panel of eleven nEGFR target genes, which concurrently recruited nEGFR, RNAPII, Integrator, and SEC for productive transcriptional elongation.
Introduction
Epidermal growth factor receptor (EGFR) has been under the spotlight in cancer research for decades [1] , owing to its frequent aberration and therapeutic significance. EGFR over-expression and alterations are commonly found in various cancers including glioblastoma, lung, breast, and pancreatic cancers. EGFR transduces extrinsic signals to nucleus through tiers of kinases including extracellular signal-regulated kinase (ERK) [1] . Intriguingly, nuclear EGFR (nEGFR) was found to modulate DNA replication, DNA repair, and gene transcription. It promotes DNA replication by phosphorylating and stabilizing PCNA [2] and safeguards genome stability by regulating DNA-PK, ATM, and KAP1 [3] . For transcriptional regulation, nEGFR orchestrates the expression of genes such as CCND1, iNOS, Aurora-A, Cox-2, c-Myc, and ABCG2 in various biological models [4] . Clinically, nEGFR expressions are associated with cancer prognosis and therapeutic resistance to cisplatin, radiotherapies, and targeted therapies (e.g. cetuximab, gefitinib) [4] .
The gene transactivation regulation of nEGFR has been investigated by comparing the chromatin recruitment between nEGFR and RNAPII after EGF stimulation in HeLa cells [5] . However, because RNAPII pausing happens during the initial phases of Ivyspring International Publisher elongation, the chromatin recruitment of RNAPII alone is insufficient for productive transcription elongation [6, 7] . Therefore, although nEGFR and RNAPII were found to be co-recruited on the chromatin, it is still elusive about whether the chromatin-bound nEGFR is gene activating or gene-repressing. In order to release RNAPII pause for productive transcription elongation, a "departure-permit" is required; chromatin recruitment of Integrator and Super Elongation Complex (SEC) components is considered to be one of the critical "departure-permit" [8] . Therefore, analyzing the genome-wide distribution of nEGFR together with the RNAPII, Integrator, and SEC is instrumental for understanding the function of chromatin-bound nEGFR. In this study, we integrated collections of ChIP-seq, RNA-seq, and TCGA data publicly available to estimate the function of nEGFR, identify the nEGFR target genes, and exploring the clinical relevance of nEGFR target genes.
Materials and Methods

Data acquisition, sequencing data mapping, and data processing
Collections of dataset were downloaded from Gene Expression Omnibus (GEO) database repository (Table S1 ). RNA-seq and ChIP-seq data shared the same experimental condition-HeLa cells were treated with EGF (100 ng/ml) for 20 min after 48 hr serum starvation. RNA-seq data was aligned to the human genome hg19 using TopHat. Unmapped reads were filtered out. Transcripts were assembled by Cufflink. Differential expression of transcripts was estimated by Cuffdiff [9] . For ChIP-seq data, bowtie2 was used for mapping the ChIP-seq data to the human genome hg19. Data from repeated experiments were merged for analysis. Unmapped reads were filtered out. High-confidence peaks were called by MACS2, with the following parameters: q-value = 0.05, bandwidth = 300, arbitrary extension = 100 bp.
Function prediction and target gene identification
The activating/repressive function prediction and target gene identification of the chromatin-bound proteins were done by BETA [10] . Peaks within 100kb of gene transcription start site (TSS) were selected for analysis. Genes with significant changing expression (FDR value < 0.1) were considered as differentially expressed genes for BETA analysis. BETA applies distance-weighted approach. It takes the distances between binding sites and TSS for estimating the regulatory potential of the genes, which indicates a gene's likelihood of being activated/repressed by a protein. The regulatory potential and gene expression of each gene were used to estimate rank product for identifying target genes. The rank product can be considered as p-value, according to the original paper [10] . Genes with an RP less than 10 −3 were considered as true target genes. The p-values in Figure 3A were estimated by the Kolmogorov-Smirnov test comparing the regulatory potential of three groups of genes (i.e. up-regulated, down-regulated, and background genes) [10] .
ChIP-seq and RNA-seq track visualization
The differential binding signals in Figure 2 and 3B and Figure S2 were calculated as fold-change (FC, in log 2 scale) relative to untreated cells. Positive binding signal indicates an increase of chromatin bindings after EGF stimulation. The differential binding signals were calculated using DeepTools (bamCompare function) with a bin size of 50bp. The output files are saved in bigwig format for ChIP-seq signal visualization. For RNA-seq, the read alignment BAM files were normalized as reads per kilobase per million (RPKM) and converted to bigwig format with a bin size of 10bp for visualization. All the tracks saved in bigwig files from ChIP-seq and RNA-seq data were visualized in IGB genome browser for Figure S2 .
K-means clustering analysis
The normalized differential binding profiles [EGF-treated data normalized to untreated, log 2 (FC)] of RNAPII, ELL2, AFF4, INTS11, and nEGFR were used for K-means clustering across gene loci, which includes the gene bodies plus additional 5kb from TSS and transcription termination site (TTS). Kmeans clustering was performed using DeepTools (computeMatrix and plotHeatmap function). The parameters for computeMatrix were: regionBodyLength = 500, binSize =10, sortRegions = descending order, sortUsing = mean. The heatmaps and profiles (Figures 2 and 3B) showing the mean density of differential bindings across gene regions were generated by plotHeatmap, with the following parameters: sortRegions = descending order, sortUsing = mean, clustering algorithm = Kmeans clustering, the number of clusters = 4. Subsequently, the assembled clusters were used for plotting Figure  S1 , with ChIP-seq data of EGF-treated data normalized to the input control and untreated data normalized to the input control.
TCGA RNA-seq and survival data analyses
TCGA RNA expression data (RNA Seq V2 RSEM) and survival data were queried and downloaded via cBioPortal (http://www.cbioportal. org/), followed by data processing in R environment. The cancer types and corresponding sample size for 17 datasets were listed in Table S2 . For evaluating the Pearson's correlation coefficient between EGFR and IEG expressions, TCGA RNA-seq data with EGF mRNA expressions above average was subjected to analysis and visualized by ComplexHeatmap package in R. Kaplan-Meier (KM) survival curve analysis and Cox proportional hazards analysis were performed and visualized using survminer and survival package in R. Biopsy samples with mRNA expression of the indicated IEG above average were classified as "High exp" group. The remaining samples were classified as "Low exp" group for statistical comparison. A p-value less than 0.05 was considered as statistically significant while p-value between 0.5 and 0.6 was considered as marginally significant.
Results and Discussion
Experimental model and chromatin-binding peak calling
This study analyzed publicly available RNA-seq and ChIP-seq data that shared the same experimental condition -serum-starved HeLa cells treated with 100 ng/ml EGF for 20 min. HeLa cells provide an experimental model to study EGFR in a cancer background. This cell line expresses approximately 300,000 EGFR surface molecules per cell [11] while normal cells express only 40,000 to 100,000 EGFR proteins [12] . Serum-starved HeLa cells were treated with or without EGF for 20 min to study the differential gene expressions and chromatin-binding landscapes of nEGFR, ERK, RNAPII, Integrator (i.e. INTS11), and SEC components (i.e. ELL2 and AFF4). 
EGF-responsive cluster undergoing productive transcriptional elongation
First, we sought to identify an EGF-responsive gene cluster undergoing productive elongation. To do so, we performed an unsupervised K-means clustering analysis, which assigned genes into four clusters according to the differential binding spectrum of nEGFR, RNAPII, Integrator, and SEC. The assembled gene cluster 1 was highly responsive to EGF. It contains a panel of 61 genes (Table S3) acquiring robust and concurrent enrichment of all the analyzed chromatin-binding proteins after EGF induction (Figure 2 ). Cluster 2 only displayed a flimsy increase of RNAPII recruitment but not for other proteins (Figure 2) . No obvious protein recruitment could be found in other gene clusters. Also, no enriched ChIP signals could be seen in IgG and input control. Remarkably, in gene cluster 1, the increase of nEGFR, ERK, RNAPII, Integrator, AFF4, and ELL2 chromatin recruitment was specific to EGF treatment ( Figure S1 ). Genes in this cluster were enriched in gene ontology of transcriptional activator (Table S4) , a trait reminiscent of the Immediate Early Genes (IEGs). In short, we identified an EGF-responsive gene cluster comprising 61 genes, which are highly active in recruiting nEGFR, RNAPII, Integrator, and SEC, suggesting a favorable landscape for releasing RNAPII pausing and proceeding productive transcription elongation.
Chromatin-bound EGFR was gene-activating
Next, we used a bioinformatics tool called BETA (Binding and Expression Target Analysis) to estimate the functions of chromatin-bound nEGFR (gene-activating or -repressing) and identify nEGFR target genes. By considering the distance between binding peaks and TSS, BETA utilized a distance-weighted method for estimating the impact of chromatin-binding peaks to the genes. BETA has been successfully applied to confirm the gene-regulatory functions of receptor proteins such as androgen receptors and estrogen receptors in LNCaP and MCF-7 cells, respectively [10] . In this study, ChIP-seq and RNA-seq were subjected to BETA analysis. Consistent with ERK, RNAPII, Integrator and SEC, the functional impact of nEGFR was gene-activating rather than gene-repressing (p-value = 0.00005 for nEGFR, Figure 3A and Table S5 ). As expected, IgG control did not show any statistical significance in gene-activating/repressing function. In line with previous reports [6, 7] , RNAPII also bound to the transcriptionally repressed genes (p-value = 0.005, Table S5 ), indicating that there are other gatekeepers critically regulating the productive transcription elongation beyond RNAPII. Taken together, these findings evidenced that the gene transactivation function of nEGFR upon EGF stimulation. 
Target gene panel of nEGFR
By coupling the ChIP-seq data with RNA-seq data, BETA identified 12 target genes of nEGFR [rank product value (i.e. p-value) < 0.001; Table S6 ]. These genes were JUN, EGR1, JUNB, IER2, KLF2, FOS, FOSL1, RHOB, CCNL1, DUSP1, DUSP2, DUSP5, which concomitantly recruited nEGFR, RNAPII, integrator, and SEC across the loci ( Figure 3B ) and up-regulated by more than 2-fold on the mRNA level ( Figure 3C ). Eleven of them belonged to the aforementioned EGF-responsive gene cluster 1 (Table  S6 ; yellow highlighted) and these genes have been recognized as IEGs previously [13] . IEGs are a module of genes governing instant response to a milieu of extrinsic stimuli such as growth factors, cytokines, and stresses. Gardini et al elegantly demonstrated the importance of Integrator and SEC for productive elongation of genes such as JUN, FOS, CCNL1, NR4A1 [8] . Mikula et al neatly showed the genomic occupancies of nEGFR at EGR1 and FOS genes using ChIP-seq analysis [5] . To our knowledge, there is no study yet analyzing the genomic distribution of nEGFR, RNAPII, Integrator and SEC altogether to identify nEGFR target genes undergoing productive elongation after EGFR induction. By integrating ChIP-seq and RNA-seq data, we identified a panel of 11 nEGFR target genes (i.e. JUN, EGR1, JUNB, IER2, KLF2, FOS, FOSL1, RHOB, CCNL1, DUSP2, DUSP5), which belongs to IEGs and strikingly recruited nEGFR, RNAPII, Integrator, and SEC for gene transactivation and productive elongation upon EGF stimulation.
Potential mechanisms for nEGFR chromatin recruitment
The gene-transactivation function of EGFR has been previously linked to AT-rich minimal consensus sequences (ATRS) for EGFR binding and a proline-rich region on the C-terminal tail of EGFR for promoting transcription [4, 14] . The sequences of ATRS are either TNTTT or TTTNT. They are presented at the promoters of nEGFR target genes such as CCND1, iNOS, Aurora-A, ABCG2 [4] . Herein, we analyzed the promoter of nEGFR target genes identified by BETA. Consistently, all of the promoters harbored the ATRS ( Figure 3C and Table S7 ), suggesting a possible mechanism of EGFR chromatin recruitment. As expected, visualization of ChIP-seq and RNA-seq tracks in genome browser displayed robust nEGFR recruitment accompanied with increased mRNA expressions in the nEGFR targets ( Figure S2 ). Moderate recruitment of nEGFR regulation was also found in other IEGs such as FOSB, N4A1, N4A3, and ZFP36. On contrary, no nEGFR enrichment can be seen in negative control loci such as ZFP36L1, DUSP3, and DUSP8; IgG and input control only displayed random signals in the experiments ( Figure S2 ). These observations indicated high specificity of nEGFR in binding to the identified target panel of eleven IEGs.
In addition to the ATRS consensus sequence for nEGFR binding, the interaction between EGFR and histones might also facilitate nEGFR chromatin recruitment. Mikula et al immune-precipitated RNAPII, EGFR, ERK, MEK in actively cycling HeLa cells for mass spectrometry studies [5] . As shown in Table S8 (data adapted from Mikula et al), EGFR bound to essential transcription players such as RNA polymerase, DNA topoisomerase I, and core Histone proteins (H2A/H2B/H3/H4). Interestingly, EGFR had higher histone-binding proclivity than ERK and MEK (Supporting Information Table S7 ) and was the only protein capable of binding to Histone H3. The EGF-induced binding between EGFR and Histone H3 can also be seen in an independent proteomic study [15] . In addition, nEGFR has been shown to directly phosphorylate histones [16] and Histone H3 phosphorylation is crucial for inducing IEGs and EGF-induced cancer cell transformation [17] . Taken together, ATRS consensus sequences and Histone interaction appears to be the potential mechanisms of nEGFR chromatin recruitment, which merit further study.
TCGA RNA-seq and survival data analyses
To further support the correlation between EGFR and the identified target genes, we sought to evaluate their mRNA expressions across 17 TCGA datasets (RNA Seq V2 RSEM). TCGA data with EGF level above average was analyzed. The expressions of nEGFR target genes were positively correlated with EGFR in a considerable number of cancer types (cluster A) ( Figure 4A 
Signaling computation regulated by nEGFR
Based on the identified nEGFR target genes, nEGFR orchestrated an intricate computation to fine-tune the signaling response ( Figure 5 ). Upon EGF stimulation, nuclear EGFR activated the most representative and well-characterized IEGs such as FOS, JUN, and EGR1. EGR-1 encodes a zinc finger TF, which regulates cell growth and differentiation in cooperation with p53 [18] . JUN and FOS TFs form a heterodimer TF complex called Activator Protein 1 (AP-1) for cell proliferation and survival in response to extrinsic signals [19] . Paradoxically, nEGFR also conferred incoherent feedforward and negative feedback regulation to attenuate the EGF-induced signaling ( Figure 5 ). For incoherent feedforward signaling, nEGFR targeted AP-1 attenuators such as JUNB, KLF2, RHOB, FOSL1, and ZFP36 [13] . It has been demonstrated that FOSL1 counteracted FOS [20] while JUNB counteracted JUN [21] , thereby inhibiting the AP-1 activities. ZFP36 encodes for an RNA-binding protein. It recognizes AU-rich elements on the 3'UTRs of transcripts in cooperation with miRNAs, thereby causing degradation of target mRNAs such as FOS transcripts [13] . For negative feedback signaling, nEGFR targeted DUSPs for up-regulation (i.e. DUSP1/2/5) ( Figure 5 ). DUSPs are known to dephosphorylate ERK [22, 23] , which is one of the key downstream effectors of EGF [13, 22] . Collectively, the regulation of this complicated signaling network by nEGFR indicated a pivotal role of nEGFR in governing the signaling circuit for dictating cellular response.
In summary, the core messages from this work are: 1) upon EGF stimulation, a cluster of 61 genes were highly active in recruiting nEGFR, RNAPII, Integrator, and SEC, indicating a favorable landscape for gene transactivation; 2) ChIP-seq and RNA-seq data analysis supports the gene-activating function of nEGFR; 3) In association with RNAPII, Integrator, and SEC, nEGFR targeted eleven IEGs for productive elongation; 4) the promoter of the nEGFR target genes commonly contains ATRS consensus sequences for EGFR. In conclusion, the significance of this work is to demonstrate the profound and concurrent recruitment of nEGFR, RNAPII, Integrator, and Super Elongation Complex on a panel of eleven IEGs for promoting productive transcription elongation. Further investigation could foster a deeper understanding of the versatile EGFR in the etiology of cancer.
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